In this paper we apply a linear regression with spatial random effect to model geographically distributed emission inventory data. The study presented is on N 2 O emission assessments for municipalities of southern Norway and on activities related to emissions (proxy data). Taking advantage of the spatial dimension of the emission process, the method proposed is intended to improve inventory extension beyond its earlier coverage. For this, the proxy data are used. The conditional autoregressive model is used to account for spatial correlation between municipalities. Parameter estimation is based on the maximum likelihood method and the optimal predictor is developed. The results indicate that inclusion of a spatial dependence component lead to improvement in both representation of the observed data set and prediction.
Introduction
This study focuses on a spatial aspect of inventories for atmospheric pollutants. The study tackles situations where emission inventory is to be expanded beyond its present coverage, where relevant activity data are missing. In the absence of measured data (activities) contributing to emissions, proxy data about activities can be used. The aim is to provide a tool to improve inventory developed with proxy data, by taking advantage of the spatial correlation of an emission process.
In the case of greenhouse gases, spatial resolution is usually not crucial for the emission effect as such. However, there are several situations where the spatial dimension is needed. In elaborated models of climate change, for instance, model HadAM3 of the British Meteorological Office (Pope et al. 2000) , transport of greenhouse gases is modeled in a similar way to other pollutants, e.g. (sulfur oxides) SO x and NO x . With growing resolution, for instance, in national models of this kind, the need for a finer inventory data mesh becomes important. The proposed method can be used for this purpose. Other examples include validations of regional inventories by field measurements or by inverse modeling in top-down approaches (Ciais et al. 2010; Rivier et al. 2010) .
The topic of spatial heterogeneity of greenhouse gas (GHG) emissions and sequestration can be addressed in various ways. For instance, the spatial distribution of greenhouse gas emissions for Ukraine has been presented in Bun et al. (2010) . Theloke et al. (2007) develop a methodology for spatial (and temporal) disaggregation of GHG annual country totals. Van Oijen and Thomson (2010) used a processbased forest model which accounts for spatial distribution of climate and soil; a Bayesian calibration was employed to quantify uncertainties.
When performing a statistical inference of spatial inventory data, we account for the fact that values at proximate locations tend to be more alike. This can be modeled by using spatial statistics. Moreover, as for each grid cell we have information on aggregated emission values, these are called areal data (also known as lattice data). A popular tool for incorporating this kind of spatial information is the conditional autoregressive (CAR) model proposed by Besag (1974) . Unlike the geostatistical models with spatially continuous data, the CAR models have been developed to account for a situation where the set of all possible spatial locations is countable. The idea is to define a model in terms of the conditional distribution of the observation at one location given its values at other neighboring locations. Applications of the CAR model include, among others, mapping diseases in counties as well as modeling particulate matter air pollution in space and time (Kaiser et al. 2002) .
The aim of the present paper is to demonstrate the usefulness of the CAR model to analyze data from spatially distributed emission inventories. With available proxy data related to emissions and an independent set of (modeled or measured) emission assessments, one can build a suitable regression model. Inclusion of a spatial component is intended to improve estimation results, compensating for the weaker explanatory power of proxy information. Based on the model, we develop the optimal predictor to extend the inventory.
The outline of the study is as follows. Section 2 presents an illustrative data set, including an initial non-spatial model. As a next step, the model is enriched with a spatial random effect. We use the conditional autoregressive structure to account for spatial correlation between neighboring areas (municipalities, in this case). The model is characterized in Section 3. It comprises model formulation, estimation and prediction. Results are presented in Section 4; we fit the spatial model and assess its predictive performance by means of a cross-validation procedure. Section 5 contains final remarks.
Preliminary explorations
Our illustration is provided with the data set on N 2 O (nitrous oxide) emissions reported in 2006 for municipalities of southern Norway. In 2006 the main contributors to the country total N 2 O emissions were as follows (National Inventory Report 2008). Forty-seven percent of emissions were attributed to agriculture, with agricultural soil
